Current prediction models for risk of cardiovascular disease (CVD) incidence incorporate smoking as a dichotomous yes/no measure. However, the risk of CVD associated with smoking also varies with the intensity and duration of smoking and there is a strong association between time since quitting and the risk of disease onset. This study aims to develop improved risk prediction equations for CVD incidence incorporating intensity and duration of smoking and time since quitting.
Introduction
Cigarette smoking is an important risk factor for developing cardiovascular disease (CVD). [1] [2] [3] [4] The risk of CVD increases with the number of cigarettes smoked and with duration of smoking and there is a substantial increase in CVD mortality for continuing smokers compared with ex-smokers. 5 Also, there is a lag between smoking behavior among ex-smokers and disease onset, so that past smoking behavior will influence health status in current non-smokers. 6 For ex-smokers, increasing intervals since quitting are associated with a progressively lower CVD mortality rate, risk of myocardial infarction and ischemic stroke until it levels off. [7] [8] [9] Smoking acts synergistically with other major risk factors of CVD such as age, sex, high blood pressure, dyslipidemia and diabetes. 10 This has led to the development and validation of a number of multivariable risk models which can be used by primary care physicians to assess the risk in individual patients of developing all atherosclerotic CVD [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] or specific types of CVD, namely, coronary heart disease, 10, [20] [21] [22] [23] [24] [25] stroke, 26 peripheral vascular disease, 27 or heart failure. 28 Multivariable assessment has been advocated to estimate absolute CVD risk and guide treatment of risk factors, 2, 29 and the Framingham CVD risk assessment tool and other similar risk assessment tools have been validated 22, 23, 25 and also re-calibrated in other ethnically diverse populations. 10, 17, 20, [26] [27] [28] [29] This study seeks to examine the role of cigarette smoking as a risk factor in risk models in greater detail than the simple dichotomous yes/no variable [1] [2] [3] that has been incorporated in all the existing risk prediction models. Risk equations will be developed incorporating the effect of pack-years, time since quitting, and combined effects of intensity and duration of smoking, the latter variables being more readily available to general practitioners (GPs) than pack-years. This study will also develop reduced equations based on the detailed smoking measures and risk factors readily available to GPs such as non-laboratory risk factors. In this study, we use a slightly modified Framingham risk equation as the reference equation. Alcohol intake is included as it is a possible confounder of cigarette smoking with CVD risk, and systolic (SBP) and diastolic (DBP) blood pressures are included since a recent Framingham based risk model for CVD risk 20 demonstrated improved predictive performance when both these measures were included in the risk model.
Materials and Methods
The details for design, selection criteria, examination procedures and an operative definition of CVD for the Framingham Offspring Heart Study have been provided elsewhere. 20, [26] [27] [28] [29] To provide current estimates of CVD risk over a broad age range, smoking status information from the first examination was carried forward to the fourth examination (1988 to 1992). Participants were eligible for the present study if they were free of CVD, aged 30-74 with complete data on covariates. Participants aged 75 years and older were excluded because of possible differences in risk factors in this older group and its potentially large influence in the algorithm determination. After exclusions, the sample consisted of 3,751 participants (mean age 51.61 years; 1,937 women).
Measurement of developing cardiovascular disease risk factors
The Framingham Offspring study collected data on smoking status, the number of cigarettes smoked per day, age at starting regular smoking, and age at quitting smoking. The risk factors included in the models were smoking status (defined according to the particular study objective), both components of blood pressure (SBP and DBP), either total cholesterol/HDL ratio or both HDL and total cholesterol depending on which provides better prediction, age, sex, diabetes status, body mass index (BMI) and alcohol consumption.
In the Framingham Offspring study, at each examination participants underwent a physical examination, anthropometry, blood pressure determination, and phlebotomy for vascular risk factors. The examination blood pressure was calculated as the average of 2 physician-obtained measures. Standardized enzymatic methods were used to determine serum total and HDL cholesterol levels. The various measures of cigarette smoking were obtained by self-report. Diabetes was defined as a fasting glucose of above 126 mg/dL. Examination 4 was considered the baseline for our study as this had CVD data for a broad age range. Information on time since quitting, age at quitting and duration of smoking were not available at this examination. First, age at quitting at examination 4 was estimated from information of this variable from examination 1 and smoking history from examinations 1 through to 4. For those who were quitters at both examinations 1 and 4 but resumed smoking in between the two examinations, their age at quitting at examination 1 was carried forward to examination 4 by adding their age at quitting at examination 1 to the time interval they remained smokers after examination 1. Similarly, for those who were smokers at examination 1 but quitters at examination 4, this was estimated by taking the average of the age at quitting and the preceding age. Time since quitting at examination 4 was estimated by subtracting age at quitting at examination 4 from current age at examination 4.
For those who were smokers at both examinations 1 and 4, their duration of smoking at examination 1 was carried forward to examination 4 by adding their duration of smoking at examination 1 to the interval they remained smokers after examination 1. Similarly, for those who were non-smokers at examination 1 but smokers at examination 4, this was estimated as the interval they remained smokers after examination 1.
Categories of smoking
Current pack-years of smoking were calculated by dividing the number of cigarettes being smoked per day by 20 to obtain an estimate of "packs" and multiplying this by the number of years a person is a smoker. To separate the effect of past smoking and current pack-years of smoking and assess a doseresponse pattern, the smoking status and current pack-years were combined into a fivecategory "pack-years" variable defined as: never smokers, former smokers and current smokers with under 20, 20-39, and 40 or more pack-years. Other categorizations for packyears were found to be less effective in terms of predictive ability. To separate the effect of current smoking and time since quitting among past smokers and assess a doseresponse pattern, the smoking status and time since quitting were combined into a four-category variable defined as: never smokers, former smokers with five years or less and over five years since quitting, and current smokers. Compared to the cut-off of five years, other categorizations for time since quitting did not predict the risk of CVD incidence as well. To assess the joint effects of intensity and duration of smoking, current smokers were classified into 9 groups with three levels of intensity (<20, 20-39 and 40+ pack-years) at each of three levels of duration (<30, 30-39 and 40+ years).
Development and assessment of predictive models
Three groups of models were fitted, each incorporating the range of risk factors listed above. The first group focused on the effect of pack-years of smoking (among current smokers). First a model with a simple binary current/non-smoker measure for smoking status was compared to an equivalent model with the pack-years variable defined above. Then, a model with a current/past/never smoker measure for smoking status was compared to the model containing the pack-years variable. A similar approach was adopted for a second group of models focussed on time since quitting, and for a third group including the joint effects of intensity and duration of smoking among current smokers in the smoking status variable. While developing the risk equations, only those risk factors which were significantly related to the risk of CVD incidence were included in the model.
For each of the three groups of models, we also fitted reduced models incorporating the smoking variables and non-laboratory risk factors. The non-laboratory risk factors included age, sex, SBP, DBP, BMI and alcohol consumption. The full and reduced models were compared to examine whether use of only non-laboratory risk factors instead of all the risk factors resulted in a significant loss in prediction or not. In some of the risk equations, the ratio of total cholesterol to HDL cholesterol was used because no improved fit was found when the covariates were used separately.
We used Cox's proportional-hazards regressions 30 to relate risk factors to the incidence of a CVD event during a follow up from exam 4 to exam 7 after confirming that the assumption of proportionality of hazards was met. For testing proportionality of hazards a non-significant interaction between a covariate and log (survival time) would support the assumption for the covariate. 31 This was complemented by the plotting of Schoenfeld residuals against survival time.
The discriminative ability of a model was assessed by Harrell's c statistic.
32, 33 Harrell recommends using bootstrap techniques to assess the degree of 'overoptimism' in the c statistic due to using the same data for model fitting and assessment. We applied this technique and found negligible overoptimism with the bias in all the c-statistic estimates less than 0.006. To assess the improvement in discrimination between two nested models, we used a test for difference in two correlated c statistics. 34 But for models containing standard risk factors and possessing reasonably good discrimination, very large "independent" associations of the new covariate with the outcome are required to provide a meaningfully larger c statistic. [35] [36] [37] To overcome this limitation of c statistic, the NRI 38 and IDI 38 provide valuable supplements to the c-statistic analyses. 38, 39 These attempt to quantify in different ways the level of shift in the distribution of absolute risk after a new covariate is included in the model. For calculating NRI, we assessed risk reclassification 38 by sorting the predicted risk for each model into 3 categories (<6%, 6% to <20%, and ≥20%). The benefit and cost of using a new model compared to the baseline model was measured by the proportions of subjects with and without subsequent events, respectively, who are classified as high-risk (e.g. ≥20%) according to the model. 40 To assess calibration of the fitted model, we computed the Hosmer-Lemeshow statistic and its modification for the reclassification tables. 38 A significant value for this statistic indicates poor calibration. We also performed likelihood ratio tests to evaluate whether the global model fit improved after the inclusion of additional covariates. Finally, we assessed the overall goodness of fit for each of the models using BIC and AIC. These allow us to rank the models' goodness of fit adjusting for model parsimony.
Results
The risk factor characteristics in our sample at the baseline examination 4 are shown in Table 1 Table 2a shows that the inclusion of packyears among current smokers in our measure of smoking status (model 3) improved predictive ability significantly compared to the models which included smoking status as a simple dichotomous variable (model 1) and current/past/never smoker variable (model 2). The models without control (Table 2a) and with control (Table 2b) for pack-years indicated excellent calibration.
The inclusion of time since quitting in our measure of smoking status (model 4) performed well in terms of model discrimination and overall fit but not so well in terms of calibration (Table 2b) . Model 4 improved predictive ability significantly based on global fit and reclassification statistics compared to model 1 and model 2 (Table 2c ).
The models incorporating pack-years and time since quitting (model 5), and the joint effect of both intensity and duration of smoking, and time since quitting (model 6), performed well in terms of all model performance indicators (Table 2d ). These models showed significantly improved prediction performance in terms of global fit and reclassification measures compared to the models with a simple current/non-smoker measure of smoking status and current/past/never smoker measure of smoking status, respectively (Tables 2e  and f ). Table 2e further shows that model 5 predicts significantly better than models 3 and 4.
The best risk prediction equation Table 2e further shows that, as expected, improvement in discrimination through c statistic for model 5 relative to models 1 through 4 is moderate as the c statistic for the latter (reference) models was already fairly high (this is a limitation of the c statistic as discussed in Materials and Methods). Based on AIC and BIC, model 5 predicts better than models 1 through 4 and model 6 when model parsimony is taken into consideration (Table  2g) . (Since models 5 and 6 are not nested, they can only be ranked using AIC and BIC). Thus, model 5 is the preferred model. Table 2b shows that, compared to never smokers, the risk of CVD incidence increased with past smoking status and pack-years among current smokers for which the increase in risk seemed to slow down for those with exposure to 40 or more pack-years. Those who quit within five years prior to the baseline exam had a risk of developing a CVD event almost 2 times higher than those who never smoked, while those who quit prior to five years had a similar risk to never smokers.
Reclassification of subjects
In this section, we describe how many subjects were reclassified overall and with respect to 'high risk' category of more than 20% when we used our preferred full model (model 5) as compared to model 1. Based on Table 3a , for 383 subjects who experienced a CVD event, using model 5 as compared to model 1, the net gain in reclassification proportion was significantly different from zero (P=0.0001). This statistic for subjects who did not experience an event was not significant. Overall, for all 3,751 subjects, the net gain in reclassification proportion was 0.0711, significantly different from zero.
If we had used model 5 rather than model 1, 19.3% of those who develop CVD would be appropriately assessed for their cardiovascular risk while only 11.4% of those who do not develop CVD would be falsely assessed for their cardiovascular risk, the difference of which is highly significant (P<0.0001).
Simpler developing cardiovascular disease risk prediction equations using non-laboratory risk factors
The simple office or non-laboratory risk factor-based CVD risk prediction equation incorporating the joint effects of pack-years and time since quitting and non-laboratory risk factors (model 11) performed reasonably well (data not shown). Compared to this model, the corresponding full model (model 5) predicts better both in terms of global fit and discrimination (Table 3b ). The simple office-based CVD risk prediction model incorporating the effects of intensity and duration of smoking, time since quitting and non-laboratory risk factors (model 12) also performed reasonably well (data not shown). The improvement in global fit and discrimination for the corresponding full model was also significant (Table 3c ).
The best reduced risk prediction equation Table 3d shows that, based on the global fit statistic and the measures of reclassification, model 11 predicts the risk of CVD incidence significantly better than models with non-laboratory risk factors and a yes/no measure of current smoking status (model 7), current/past/never smoker measure of smoking status (model 8), pack-years incorporated into the smoking status variable (model 9) and time since quitting incorporated into the smoking status variable (model 10). Again as Reclassification of subjects Table 3f shows that when our best reduced model (model 11) was used compared to the reduced model with a current smoker/nonsmoker measure (model 7), for all 3,751 subjects the net gain in reclassification proportion was significantly different from zero (P<0.0001). For comparing model 5 against model 11, reclassifications for subjects with and without events are summarized in Table   Table 2d . Risk equations of models 5 and 6. 3g. For all 3,751 subjects, the net gain in reclassification proportion was significantly different from zero (P=0.034). For 3,368 subjects who did not experience a CVD event, the net gain in reclassification proportion was significantly different from zero (P<0.0001) while for 383 subjects who experienced a CVD event this was not (P=0.0943).
Model
If we had used model 5 rather than model 11, 18.02% of those who develop CVD would be appropriately assessed for their cardiovascular risk while only 10.2% of those who do not develop CVD would be falsely assessed for their cardiovascular risk, the difference of which is highly significant (P<0.0001).
Strengths and limitations
The equations derived from this study have several advantages over previous versions. The inclusion of detailed smoking measures rather than a crude dichotomous yes/no smoking measure in the risk equations is novel. We have also used a more recent population cohort to develop the risk equations. The influence of high density lipoprotein (HDL) cholesterol, which has been measured in the Framingham Heart Study since 1968, is also reflected in our equations. Also, the influence of alcohol intake which has been measured in the Framingham Heart Study since its initiation is reflected in the risk equations. Alcohol intake was not included in any of the previously developed risk equations for predicting CVD events based on the Framingham data.
One limitation of the present study is that the Framingham sample is predominantly Caucasian, so the generalizability of the CVD risk function in other ethnic groups is uncertain. Other Framingham risk functions have shown themselves to recalibrate well in other samples. 10, 11, 28, 29 
Discussion
This study demonstrated the benefits of adding detailed smoking measures to CVD risk prediction equations. Incorporating packyears among current smokers significantly improved prediction and so did time since quitting among past smokers. When both these variables were incorporated in the smoking variable compared to using a simple current smoker/non-smoker variable, 7.1% of subjects changed their risk categories which was statistically significant. We observed that the risk of CVD incidence first increased with pack-years but then slightly declined at high exposure to packyears. Although in some other cohorts the beneficial effect of smoking cessation has been found to be as early as 1-3 years, 8, 9 we observed that any major reduction in the risk of CVD incidence did not occur until after five years since quitting. Compared to never smokers, the risk of CVD incidence was almost twice as high for those who had quit within five years prior to baseline while this risk reduced to the level of never smokers for those who had quit more than five years ago. We observed that the risk of CVD incidence first increased with both intensity and duration of smoking but then declined at high duration and not at high intensities.
We also showed that if we had incorporated time since quitting and pack-years in smoking status instead of using a simple current/non-smoker measure, a significantly higher proportion of those developing a CVD event would have moved up to the 'high risk' category compared to those not having a CVD event who moved up to this category. The result was similar when we excluded laboratory based risk factors from the models. In each case, the former participants would be appropriately assessed while the latter would be falsely assessed if we incorporated time since quitting and pack-years in smoking status. Those appropriately assessed can benefit from additional screening for CVD risk and would require more aggressive intervention for smoking cessation, 41 and this would assist in preventing more deaths. However, this benefit would be at the cost of falsely identifying people who do not develop CVD as high risk. These people may unnecessarily receive additional screening, and it may even cause undue stress and burden to various smoking cessation programs. The performance of the model which incorporates time since quitting and pack-years, when considered in this perspective, relies on the relative importance one places on these benefits and costs. From a CVD prevention perspective, the benefits associated with smoking cessation for prevention of CVD clearly outweigh the costs associated with CVD screening and smoking cessation programs.
Our risk prediction equations are unlikely to be seriously affected by confounding bias as we have adjusted for all major confounders of smoking, including age, sex, alcohol consumption and the blood pressure components. We conducted further analyses of the offspring cohort to explore the possibility of any effect of distortion medical treatments may have on risk of CVD incidence, and found that the regression coefficients of the risk equations were fairly robust after adjustment for cardioactive medications (data not shown). We also explored the possibility of the effect of reverse causation, as there may be some reduction in the apparent risk of CVD incidence among current smokers (and hence among different categories of pack-years and their components) because of a tendency for people to give up smoking after they begin to be influenced by some life threatening condi- Sub-analyses conducted whereby we excluded from our baseline cohort those smokers who gave up smoking after examination 4 and those quitters who took up smoking after examination 4, and later those current smokers from our baseline cohort whose smoking intensity or duration changed dramatically in subsequent examinations, did not substantially alter our results. Incorporating pack-years, time since quitting and individual components of pack-years in the smoking status variable, and adjusting for other risk factors in the risk equations, produced very good discrimination and calibration. However, since the c statistic for the CVD risk equations with the full set of risk factors ranged from 0.8041 to 0.8100, this suggested that additional risk factors (e.g. age at quitting, types of cigarettes, environmental smoking, abdominal obesity, family history of CVD, etc.) may further improve model discrimination.
In conclusion, we have demonstrated that CVD risk equations including a simple current smoker/non-smoker variable underestimate the overall effect of cigarette smoking, as risk prediction improves significantly when pack-years and time since quitting are incorporated. We advocate the use of improved risk prediction equations incorporating more detailed smoking measures in order to ensure current prevention strategies are optimally effective and cost-effective, and that ex-smokers are not consistently undertreated. 
